ABSTRACT Segmentation of the left ventricle in echocardiography data currently poses a challenge, where delineation of the endocardial borders is a time consuming and difficult task. Though semi-automated and fully automated methods have been developed for left ventricular segmentation, they suffer from a number of drawbacks. These drawbacks include the dependence on large sets of training data and assumptions about the distribution of the intensities of the image. This paper proposes a novel volumetric segmentation algorithm based on an angular slicing approach for 3-D echocardiography scans and a diffeomorphic nonrigid registration method. The proposed method is fast, reproducible, and yields a volumetric segmentation with minimal user interaction. The algorithm was evaluated on 30 participants from the challenge on endocardial 3-D ultrasound segmentation dataset from the medical image computing and computer assisted interventions Challenge 2014. The proposed method yielded the following average distance metrics for the end diastolic volumes: 1) mean absolute distance of 2.36 mm, 2) Hausdorff distance of 8.25 mm, and 3) Dice score of 0.887. For the end systolic volumes, the following average distance metrics were obtained: 1) mean absolute distance of 2.33 mm, 2) Hausdorff distance of 8.95 mm, and 3) Dice score of 0.857. The following clinical metrics for the ejection fraction are reported: 1) modified correlation coefficient of 0.169, 2) bias in mL of −3.96 mL, and 3) standard deviation of 6.85 mL. The results demonstrate the robustness of the proposed volumetric segmentation approach.
I. INTRODUCTION
Echocardiography is a non-invasive and widely available imaging modality that is used for the assessment of heart function. Advantages of ultrasound include the cost-effectiveness and high temporal resolution [1] - [3] . Two-dimensional echocardiography is commonly used for diagnostic purposes but suffers from drawbacks such as foreshortening, which occurs when the ultrasound plane does not pass through the actual apex of the heart [2] . It also suffers from having to make geometrical assumptions about the shape of the left ventricle when performing volumetric measurements [2] . Hence for volumetric measurements, 3D echocardiography is often preferred, though it may suffer from its own set of drawbacks including lower spatial and temporal resolution and possible stitching artifacts [4] .
Segmentation of the left ventricle is an active research topic that has been of interest for many years. One approach for segmentation is to use atlas-based methods [5] , [6] . For this approach, pre-segmented volumes are required from a large set of patients, and registration is then used to transform the atlas to the patient, where the segmented patient volume is formed [1] . In [5] , manifold learning is used to convert the patient images to shape representations, which are then used for the input to a multi-atlas label propagation method. In [6] , an approach was developed for segmentation based on a registration method. A similarity measure based on intensity, phase and local geometry was developed, and the locally affine registration algorithm was used for the registration between the atlas and the patient [7] .
Surface fitting approaches are also often used for segmentation of the left ventricle [8] , [9] . A statistical framework is used to describe the shape of an object, which is then deformed to fit an object in a new image [1] . In [8] , an extension of the Kalman filter was used for subdivision surfaces for the endocardium of the left ventricle. In [9] , a boundary fragment model is used as input to a classifier, which obtains appropriate boundary portions of the left ventricle.
Other methods use geometrical priors such as the one proposed in [10] , which utilizes a graph cut method and a U-shaped prior. The user selected three points, from which the volume was sampled and converted into a sphericalcylindrical coordinate system. Graph cuts was then used to find the endocardial surface which was then projected back to the original space. Model-based segmentation methods are also often applied for left ventricle segmentation, as in [11] , where a model-based level set method is used.
The current approaches suffer from a number of disadvantages, the first being the dependence on training data. Having a large and varied set of training data is crucial for the algorithms to be able to perform well on new subjects. A second disadvantage is the requirement for an accurate registration from the learnt model/atlas to the patient that can handle large deformations, as the anatomy of the heart is highly variable.
This study proposes a novel volumetric left ventricular segmentation algorithm for 3D echocardiography. There are a number of advantages for the proposed algorithm. First, there is no dependency on a training dataset, no geometrical priors encoding the shape of the left ventricle, and no assumptions about the intensities of the images. The approach relies on minimal interaction, where the user is expected to select an axis through the chamber and draw manual contours on two orthogonal slices. The proposed approach can also be extended to other chambers of interest apart from the left ventricle.
II. METHODS

A. CREATION OF ANGULAR SLICES
The proposed approach relies on a set of angular slices obtained with respect to an approximate axis of the LV endocardium. The axis that passes through the center of the chamber is defined by the user selection of two points, one closer to the base between the mitral valve leaflets and the other closer to the apex. Figure 1 shows the axis in a 2D view for a patient at end diastole.
Angular slices that pass through the user-defined axis are automatically created using a series of 3D geometrical transformations of the echocardiography data. The first transformation aligns the user-defined axis with the u = [1, 0, 0] direction. Let p 1 ∈ R 3 and p 2 ∈ R 3 be two distinct points on a line that define the axis of the left ventricle, and v = [v x , v y , v z ] be the unit vector between p 1 and p 2 . Let φ be between u and v, which equals cos −1 v x , and r be
The transformation T u for aligning the user-defined axis to u is performed by rotating r by φ:
where
The second transformation performs the reslicing of the echocardiography data at different angles, where an equal angular spacing of one degree is used over 180 degrees. It is necessary only to use angular slices to 180 degrees, as the data is repeated from 180 to 360 degrees. The transformation T θ s for creating an 2D angular slice at degree θ s (∀ θ s ∈ [0, 1, . . . , 179]) is equal to:
To calculate the final transform T F , the two transformations of aligning the user-defined axis to u and reslicing are concatenated. The column vector representing the origin of the reslicing is defined by P org ∈ R 3 .
where I 3 is the 3 × 3 identity matrix. 
B. INITIAL MANUAL CONTOURS
Manual contours delineating the endocardium were drawn by an expert on two angular slices obtained at θ 0 and θ 90 . Figure 2 shows the manual contours drawn for a patient at end diastole. In order to assist the expert in drawing the endocardial contours, an option to select an apex point was developed. The user can choose an apex point in any 2D angular slice, and the 3D location of the apex is automatically calculated from the geometrical transformations associated with the slice. The corresponding apex locations for the other 2D angular slices are then calculated and displayed. The user has been provided with an option of modifying the apex point, where the other apex points are then automatically updated. The advantage of displaying the apex point location is to ensure that the point remains consistent throughout the volume for delineating the manual contours.
C. AUTOMATIC CONTOUR GENERATION
Automated contours on angular slices at degree θ s (∀ θ s ∈ [1, 2, . . . , 89, 91, . . . , 179]) were generated using the method proposed in [12] , given contours on angular slices at θ 0 and θ 90 . Since the angular slice at θ 180+i is the flipped version of the angular slice at θ i for i ∈ [0, . . . , 179], the flipped contour for the slice θ 180 was automatically created. This was performed only in order to ensure the accuracy between the contours for θ 179 and θ 0 .
The method in [12] uses a moving mesh approach in order to compute point-to-point correspondences between all frames, where the problem is stated as an optimization of a similarity/dissimilarity measure between two frames. As there may not be a unique solution for a general one-to-one mapping between a pair of frames, additional constraints to the deformation field are added in terms of radial and rotational components. During the optimization process, the radial and rotational components are converted to grid displacements. The method of [12] was originally developed for 2D MR slices over the cardiac cycle. For the proposed segmentation algorithm, the method was adapted for 2D ultrasound slices in a single 3D volume.
After the registration process, the automated contours are available as a set of 2D points for each angular slice. The inverse of the transformation matrix T F described in (3) for generating the 2D angular slices is used to transform the 2D contour points to the original 3D space. Figure 3 below shows the 3D contour points in the original space of the echocardiography data for one patient at end diastole: 
D. MESH GENERATION
To compare the segmentation with reference results, a mesh was formed from the 3D contour points. Many methods exist to create a mesh from a set of 3D points, including Delaunay triangulation [13] and alpha shapes [14] . Unfortunately, these methods are not suitable as there may be portions of the mesh that are concave. Therefore a custom program was written to create a list of the triangle faces between each pair of contours.
The dataset consists of 180 contours at an angular spacing of one degree. Since the method of [12] is a pointcorrespondence method, the 2D points of the contours across angular slices correspond with each other. Therefore the start points of all of the contours are aligned with each other, as well as the end points. The faces of the mesh are created by taking two adjacent points from contour i and one corresponding point from contour i+1 and vice versa, as seen in Figure 4 .
III. EXPERIMENTAL RESULTS
The proposed segmentation method was tested on datasets from the Challenge on Endocardial Three-dimensional Ultrasound Segmentation (CETUS) organized by the Medical Image Computing and Computer Assisted Interventions (MICCAI) 2014 conference [1] . For the moving mesh grid generation, the sampling of the grid was set equal to the pixel spacing of the underlying image. In order to set the size of the grid, a bounding box was automatically created from the first manual contour. The bounding box was extended to include a 20 pixel margin to allow grid deformations outside the region defined by the manual segmentation on θ 0 . Parameters were set in order to allow large tissue deformations.
The following distance, overlap, and clinical metrics were calculated to quantitatively evaluate the similarity between the meshes from the proposed method and the ground truth reference:
1) Mean absolute distance: The average distance between each point in the proposed approach mesh and the corresponding closest point in the ground truth reference mesh was calculated to yield the mean absolute distance [15] , where the result is reported in mm.
2) Hausdorff distance: The Hausdorff distance was calculated by finding the local maximum distance between mesh surface S obtained using the proposed approach and the reference mesh surface R [16] , where the result is reported in mm. The distance used between points is the Euclidean distance.
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3) Modified Dice: The modified Dice metric was calculated between the volume V obtained using the proposed approach and the reference volume V ref . The metric yields 0 for complete overlap and 1 for no overlap between the two volumes [17] .
4) Ejection fraction (EF):
The ejection fraction is a measure of the efficiency of the heart at pumping blood, and is calculated by the ratio between the difference between the end diastolic volume (EDV) and end systolic volume (ESV), and the EDV, where the result is reported in percentage.
The dataset consists of 3D ultrasound data from 45 participants and was comprised of a training set of 15 participants and two testing sets of 15 participants each (for those approaches that use a machine learning or atlas-based approach and require separate training and testing datasets).
As the proposed approach does not rely on training data, only the set of 30 testing patients was used. Data were acquired from three hospitals with three different ultrasound scanners: 1) GE Vivid E9 system with a 4V probe; 2) Philips iE33 system with an X5-1 probe, and 3) Siemens SC2000 with a 4Z1c probe. The total participant population consisted of the following: 1) 15 healthy participants; 2) 15 participants that suffered a myocardial infarction (MI), a minimum of three months after the myocardial infarction; and 3) 15 participants with dilated cardiomyopathy (DC). Information about each patient was blinded to the user. Table 1 below shows the distribution of the scanners and 30 patient population: Three expert cardiologists provided the segmentation of the left ventricle in end diastole and end systole using the software package Speqle_3D (University of Leuven, Belgium). Rules were developed in order to keep the segmentations consistent, in particular for the left ventricular wall, mitral valve plane, inclusion of trabeculations and papillary muscles, and selection of the apex. For further information detailing the process of the reference manual contour creation, we refer the reader to the [18] . Once the cardiologists agreed on the contours, reference meshes were created.
To compare the user meshes to the reference meshes, an online evaluation platform by the challenge organizers was available for public use. 1 Distance metrics including the mean absolute distance, Hausdorff distance, modified Dice score, and error, were automatically calculated. For the clinical metrics, the end diastolic volume, end systolic volume, stroke volume, and ejection fraction were available for comparison.
B. STATISTICAL PERFORMANCE EVALUATION
The proposed algorithm was evaluated on the set of 30 participants from the CETUS dataset. The metrics reported included the mean absolute distance d m , Hausdorff distance d H , the modified Dice score D * , as well as the mean value over all of the datasets provided. Table 2 shows the distance metrics for the end diastolic mesh and the end systolic mesh compared to four semi-automated methods (listed first), 
C. VISUAL INSPECTION
To visually assess the accuracy of the 3D contour points, Figure 8 displays an example of the mean absolute distance between the proposed approach mesh and the reference mesh for end diastole. It can be seen that the segmentation displays accurate delineation near the apex and endocardial walls.
IV. DISCUSSION
The study proposes a novel approach to perform segmentation of the left ventricle from 3D echocardiography scans with minimal user input. The proposed algorithm for left ventricular segmentation has a number of advantages over other current semi-automated methods. One advantage is that the method does not require a training set of images, unlike the methods of Domingos et al. [19] and Oktay et al. [5] which both depend on training data. The method by Domingos et al. [19] uses a structured random forest approach for each short axis slice, where then a model was deformed to fit the target surface, while the study by Oktay et al. [5] uses a multi-atlas label propagation method. VOLUME 6, 2018 Another advantage of the proposed algorithm is that the method does not depend on prior information about the image intensities and shape, unlike the method of Bernier et al. [10] which uses a graph cuts method in a spherical-cylindrical coordinate system with a U-shaped prior. Assuming this U-shape may lead to less accurate results in patients that have dilated cardiomyopathy or other abnormalities, as the prior may not hold.
There are a number of advantages to using the moving mesh correspondence method of [12] . The algorithm is diffeomorphic, which ensures that topology is preserved and that the mesh grid lines do not cross each other. This is crucial for cardiac analysis as it is necessary to model realistic tissue deformation. Other advantages of using the registration approach are that there is no dependency on training data, and there are no assumptions for the intensity values of the images.
Limitations exist using the proposed segmentation algorithm. Though the registration method does not depend on prior image intensity distributions, the quality of the images used will affect the point correspondence mapping [12] . Therefore, preprocessing can be applied in order to denoise the image and remove speckle noise, thereby improving the accuracy of the registration method.
From reference [1] , the proposed segmentation algorithm can be quantitatively compared to four semi-automated methods. Observing the distance metrics for the end diastolic volume in Table 2 , the proposed method produces more accurate results than Bernier et al. [10] and Wang and Smedby [11] in all three metrics, the mean absolute distance, Hausdorff distance and modified Dice score. For the distance metrics for the end systolic volume in Table 2 , the proposed method also produces more accurate results than Bernier et al. [10] and Wang and Smedby [11] for all three metrics. One reason why the proposed segmentation method may not give more accurate results than Domingos et al. [19] and Oktay et al. [5] in all three distance metrics is that both depend on the training data, as Domingos et al. [19] uses structured random forests, and Oktay et al. [5] uses a multi-atlas label propagation method.
The clinical metrics for the end diastolic volume in Table 3 shows a bias of 0.83 mL, which is the lowest out of all of the semi-automated and fully automated methods and is also lower than the inter-observer bias value of -3.0 mL. The correlation and standard deviation values are not as low as Bernier et al. [10] and Oktay et al. [5] , indicating that there are a few patients where the end diastolic volume was severely underestimated and overestimated. The clinical metrics for the end systolic volume in Table 3 show a higher bias (indicating the volume was underestimated) compared to the other semi-automated methods. This may be due to the difficulty the user had in drawing the two manual contours for delineating of the endocardium. For the ejection fraction in Table 4 , the proposed segmentation method does not perform better than three of the four semi-automated methods. This may be due to the lower accuracy in estimating the end systolic volume.
Future work includes extending the algorithm to be performed on other chambers of the heart, in particular, the right ventricle. This would be useful for clinicians as the right ventricle is difficult to model and analyze due to its complex shape. The proposed segmentation algorithm can also be tested on participants with a different set of pathologies, for instance, those with hypoplastic left heart syndrome or tetralogy of Fallot.
The method can also be used as prior information for multiview fusion of 3D echocardiography volumes. In order to increase the field of view, multiple 3D volumes of the heart (apical, parasternal) can be fused together [25] . Knowing the prior segmentation of the chambers of the heart can also be used as a preprocessing step to inform the fusion process about which anatomy of the heart should be weighted more.
V. CONCLUSION
The study proposes a novel algorithm to perform 3D volumetric segmentation of the left ventricle using echocardiography data. The proposed approach requires minimal input where the user selects an axis through the left ventricle, and angular slices are automatically generated that pass through the chosen axis. The user then manually draws two manual contours, and a nonrigid registration approach is used to automatically generate contours for the other angular slices. The 2D contours are transformed to the original 3D echocardiography data space, where a mesh is created and compared to a reference mesh using various distance and clinical metrics.
The method was evaluated on the testing dataset acquired from 30 patients from the Challenge on Endocardial Threedimensional Ultrasound Segmentation 
